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weighting	 to	 means	 calculated	 from	 plots	 with	 differing	 numbers	 of	 species.	
Traditional	methods	are	also	vulnerable	 to	 inaccurate	estimates	where	only	 in-
complete	species	lists	are	available.
2.	 We	 present	 a	 set	 of	 multilevel	 (hierarchical)	 models—fitted	 with	 and	 without	
group-level	predictors	(e.g.,	habitat	type)—to	improve	precision	and	accuracy	of	
plot	mean	EIV	scores	and	to	provide	more	reliable	inference	on	changing	environ-
mental	 conditions	 over	 spatial	 and	 temporal	 gradients	 in	 resurvey	 studies.	We	














in	 the	 face	 of	 accelerating	 anthropogenic	 change.	We	have	 demonstrated	 that	
multilevel	modeling	of	EIVs	allows	for	a	nuanced	estimation	of	such	from	plant	






2013;	 Krause,	 Culmsee,	 Wesche,	 &	 Leuschner,	 2015).	 However,	
contemporaneous	environmental	data	 alongside	historical	 data	on	
species	 records	 are	 often	 lacking,	 which	 can	 hamper	 attempts	 to	
identify	 drivers	 of	 community	 change.	 As	 one	 solution,	 Ellenberg	
Indicator	 Values	 (EIVs)	 are	 widely	 used	 to	 infer	 environmental	
change	over	time	where	no	data	are	available	for	abiotic	conditions	
(Häring,	 Reger,	 Ewald,	 Hothorn,	 &	 Schröder,	 2014;	 Krause	 et	al.,	
2015;	 McGovern,	 Evans,	 Dennis,	 Walmsley,	 &	 McDonald,	 2011;	






of	vegetation	 to	 infer	differences	 in	abiotic	conditions	 (Diekmann,	
2003).	However,	 use	of	point	 estimate	plot	mean	EIVs	 fails	 to	 ac-

















Environmental	 heterogeneity	 is	 an	 important	 factor	 in	 plant	
ecology	studies	generally	 (e.g.,	Maslov,	1989),	and	by	failing	to	ac-
count	 for	 different	 levels	 of	 variation	within	 a	 system,	 traditional	















and	 variability	 in	 ecological	 systems	 is	 well	 established	 (Cressie,	
Calder,	 Clark,	 Hoef,	 &	Wikle,	 2009;	 Kéry	&	 Royle,	 2016;	 Royle	 &	





















A	multilevel	 (hierarchical)	modeling	 approach	may	 also	help	 to	
improve	estimates	of	plot	mean	EIVs	in	instances	where	lists	of	re-
corded	species	are	incomplete	for	some	or	all	plots.	Incomplete	sam-
pling	 is	 a	 common	 nuisance	 in	 ecological	 studies	 as	 some	 species	




K E Y W O R D S
biodiversity	change,	ecological	indicators,	hierarchical	Bayes,	historical	plant	assemblage,	
missing	data
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are	more	difficult	to	detect	than	others,	and	ease	of	detection	may	
vary	depending	on	the	time	of	year	a	particular	plot	is	sampled,	and	











ods	when	 using	 EIVs	 to	 assess	 environmental	 changes	 underlying	
plant	 communities.	This	 is	 achieved	by	 accounting	 for	uncertainty	






















All	models	were	 fitted	 to	 a	 real	 ecological	 dataset	 for	 EIVs	 de-
scribing	 moisture,	 light,	 soil	 nutrient	 levels,	 reaction	 (pH),	 and	
salt	tolerance	(F,	L,	N,	R,	and	S,	respectively)	from	the	PLANTATT	
dataset	which	provides	EIVs	adjusted	for	use	in	the	UK	and	Ireland	
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and	 edge	 aquatic	 plant	 assemblages.	 Diver	 and	 colleagues	 re-
corded	lists	of	species	occurrences	in	74	sample	plots	(“compart-
ments”)	which	varied	in	size	and	shape	(size	in	m2:	min	=	899.98,	
max	=	200764.4,	 mean	=	44452.52),	 and	 were	 based	 on	 the	
topographical	 properties	 and	 local	 ecological	 characteristics	 of	
Studland	(Diver,	1938).	The	sampling	compartments	of	Studland	
fall	 somewhere	 between	 Permanent	 and	 Quasi-	permanent	 cat-




cal	 and	 contemporary	 sampling.	 The	National	 Trust	 resurveyed	
the	 area	 between	 2013	 and	 2015	 in	 a	 citizen	 science	 initiative	
coined	 “The	Cyril	Diver	 Project”	 following	Divers’	 original	 sam-
pling	 plots.	 (https://www.nationaltrust.org.uk/studland-beach/
features/the-cyril-diver-project).	 Both	 sampling	 and	 resampling	
efforts	 aimed	 to	 record	 all	 species	 present	 in	 their	 respective	
time-	periods	by	repeatedly	visiting	plots	throughout	the	year	and	





2.2.1 | Estimating environmental change over time 
in resurvey studies
The	first	scenario	we	consider	is	one	in	which	we	estimate	between	
time-	period	differences	 in	mean	EIVs	 for	 a	 resurvey	 study,	where	







no-	pooling,	 to	 those	with	partial	 pooling	under	 a	multilevel	 struc-
ture—and	to	use	as	a	baseline	against	which	to	compare	plot	mean	




in	applied	plant	ecology	and	 should	continue	 to	be	 so	 (Diekmann,	
2003;	Pasta,	2009).
















bivariate	 normal	 distribution	 (MVN)	with	mean	 vector	 (휇훼 ,휇훽 )	 to	
account	for	correlation	between	them	(Gelman	&	Hill,	2006).	The	
covariance	matrix	is	defined	by	the	variance	in	plot	intercepts	(휎훼) 










2.2.2 | Inferences between plots differing by a 
grouping factor
Sampled	plots	may	differ	by	 some	categorical	 factor	 (e.g.,	Habitat	
type,	 grazing	 regime,	etc.).	We	can	extend	model	M2	 to	 include	a	











yi∼N(훼j[i]+훽j[i]xi,휎species), for i=1,… ,n
M2
yi∼N(훼j[i]+훽j[i]xi,휎species), for i=1,… ,n





)), for j=1,… ,j
M3






)), for j=1,… ,j
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(휇훽[k])	take	on	a	different	value	for	each	of	k	groups	(habitat	types	
in	our	case	study).	σα	 and	σβ	now	estimate	variation	 in	plot-	level	
intercepts	and	slopes	 respectively,	after	 taking	habitat	 type	 into	
account.




as	 data,	 we	 fitted	 generalized	 linear	mixed	models	 (GLMMs)	with	
plot	ID	as	a	random	effect	nested	in	time-	period	to	account	for	re-
peat	sampling.	While	this	technically	is	a	hierarchical	model,	it	does	
not	 incorporate	 the	multilevel	 structure	which	 is	 the	 focus	of	 this	
study.	We	compared	these	models	to	their	hierarchical	 (multilevel)	
counterparts	 in	 terms	 of	 differences	 in	magnitude,	 precision,	 and	
sign	of	habitat	 level	estimates,	and	whether	differences	in	habitat-	
level	 EIVs	 between	 time-	periods	 were	 significant	 at	 the	 standard	
α =	0.05	 significance	 level.	 To	 perform	 these	 tests	 of	 significance,	
habitat-	level	differences	in	EIVs	for	each	GLMM	were	corrected	for	
multiple	 comparisons	 using	 the	multcomp	 package	 in	 R	 (Hothorn,	
Bretz,	&	Westfall,	2008).	We	also	calculated	Bayesian	R2	 for	each	
level	within	 the	hierarchical	models	 (data	 level,	varying	 intercepts,	
and	varying	slopes)	(Gelman	&	Pardoe,	2006).






estimates—is	 the	mechanism	 by	which	we	 suggest	 that	multilevel	










at	 random	 and	 excluded	 from	 the	 dataset,	 representing	 severe	
undersampling.	Models	M1,	M2,	 and	M3	were	 refitted	and	model	
outputs	compared	 to	 the	 raw	mean	values	when	all	data	were	 in-
cluded,	under	the	assumption	that	plots	with	>50	species	provided	
an	 adequate	 estimate	 of	 the	 “true	mean”	 value.	 This	 process	was	
repeated	iteratively	120	times	with	a	different	random	90%	of	spe-
cies	 removed	 from	each	 plot	 during	 each	 iteration.	Model	 perfor-
mances	were	compared	graphically,	and	using	calculated	summary	



















3.1 | Analyses with incomplete species records
Multilevel	model	estimates	from	both	models	M2	and	M3	were	con-
sistent	across	separate	 runs	of	 the	simulation,	 regardless	of	which	
10%	 species	 remained,	with	 high	 levels	 of	 precision	 and	 accuracy	
(Figure	2,	Table	1).	Plot	mean	estimates	with	missing	 species	were	













Estimates	 of	 variance	 among	 species	 EIVs	 within	 sample	 plots	
(σspecies)	from	hierarchical	models	were	much	larger	in	all	cases	than	
between	plot	(σα)	and	between	time-	period	(σβ)	variance	estimates.	
The	 inclusion	 of	 ecological	 habitat	 type	 in	 the	M3	models	 signifi-
cantly	reduced	residual	variance	in	plot-	level	 intercepts	and	slopes	
(σα	and	σβ)	for	models	of	all	EIVs.	The	extent	to	which	intercepts	and	











Estimates	 of	 change	 in	 mean	 habitat-	level	 EIVs	 between	 time-	
periods	1	and	2	differed	to	a	 large	extent	between	full	multilevel	
models	 (M3)	and	GLMMs	using	 raw	mean	EIVs	as	data	 (Figure	4).	
















tent	 of	 change	 in	 the	marsh,	woodland,	 and	 dune	 heath	 habitats	
compared	with	the	more	precise	hierarchical	estimates.	However,	
despite	 the	 adjusted	 confidence	 intervals	 in	 the	GLMMs,	 pooling	
of	estimates	in	the	multilevel	models	led	to	more	conservative	es-
timates	of	change	in	the	dune	habitat,	which	would	lead	us	to	con-
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which	would	not	be	revealed	by	inference	using	point	estimates	of	












nature	of	environmental	 factors	 likely	underlying	changes	 in	plant	
community	composition.
4.1 | Model performance with missing data
The	 phenomenon	 of	 recorders	 overlooking	 species	 present	 when	















Hierarchical	 model	 performances	 improved	 with	 habitat	 type	 as	
a	 group-	level	 predictor	 by	 providing	 better	 targets	 for	 pooled	 es-























RV	M1 0.87 2.54 3.97 0.53 0.96 0.51
RV	M2 0.61 1.77 14.58 0.58 0.96 0.32
RV	M3 0.51 1.5 27.48 0.53 0.87 0.36
EIV	L
RV	M1 0.46 1.33 11.52 0.52 0.96 0.25
RV	M2 0.2 0.6 412.84 0.46 0.89 0.15
RV	M3 0.19 0.57 429.94 0.39 0.82 0.17
EIV	N
RV	M1 0.83 2.41 4.02 0.54 0.97 0.46
RV	M2 0.36 1.07 193.62 0.45 0.99 0.2
RV	M3 0.39 1.05 170.69 0.58 1 0.16
EIV	R
RV	M1 0.78 2.25 4.45 0.5 0.97 0.44
RV	M2 0.39 1.16 77.89 0.5 0.92 0.26
RV	M3 0.37 1.09 96.02 0.55 0.9 0.21
EIV	S
RV	M1 0.54 1.58 32.99 0.64 0.92 0.3
RV	M2 0.24 0.72 671.08 0.66 0.89 0.18
RV	M3 0.21 0.62 605.52 0.55 0.85 0.19
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Broad	 increases	 in	 EIV	 N	 across	 the	 habitats	 of	 Studland	 are	
in-	line	with	studies	over	a	similar	period	both	across	the	county	of	
Dorset	(Newton	et	al.,	2012)	and	further	afield	(Bennie,	Hill,	Baxter,	













While	 pooled	 habitat	 level	 estimates	 from	multilevel	 models	




in	dune	plots	result	 from	a	 large	 influence	of	one	plot	 (dune	plot	
number	6,	 Figure	3),	whereas	 in	 the	multilevel	models,	 the	 influ-
ence	of	this	plot	was	dampened	by	the	pooling	of	this	plot’s	slope	
(β)	estimate.	In	time-	period	1,	this	was	a	newly	formed	dune	which	










et	al.,	 2008).	We	would	 suggest	 that	 without	 specific	 ecological	
knowledge	of	a	plot,	in	general	it	is	a	worthwhile	trade-	off	to	un-
derweight	 plot	mean	 values	 as	 the	multilevel	models	 should	 do,	




also	 reducing	 the	 effect	 of	 outliers	 on	 habitat-	level	 estimates	 of	
change	(McElreath,	2016).
4.3 | Plot- level inference
Using	 hierarchical	 models	 to	 account	 explicitly	 for	 different	














λα λβ pD DIC
EIV	F
M1(NP) 1.74 — — 0.22 — — — — 149.1 36,391.8
M2(H) 1.74 1.09 0.62 0.22 0 0 0.05 0.25 127.5 36,383.2
M3(HG) 1.74 0.47 0.53 0.22 0.83 0.33 0.3 0.38 117.8 36,371.2
EIV	L
M1(NP) 0.91 — — 0.12 — — — — 148.9 24,561.4
M2(H) 0.91 0.28 0.18 0.12 0 0 0.13 0.41 98.7 24,526.8
M3(HG) 0.91 0.18 0.15 0.12 0.63 0.41 0.36 0.61 94.7 24,521.9
EIV	N
M1(NP) 1.64 — — 0.06 — — — — 148.8 35,330.1
M2(H) 1.64 0.33 0.3 0.06 0 0 0.24 0.42 90.4 35,290.8
M3(HG) 1.64 0.25 0.24 0.06 0.42 0.44 0.43 0.62 87.1 35,289.5
EIV	R
M1(NP) 1.56 — — 0.08 — — — — 148.9 34,100.7
M2(H) 1.54 0.45 0.35 0.08 0 0 0.17 0.42 107.5 34,071.4
M3(HG) 1.54 0.34 0.28 0.08 0.43 0.44 0.33 0.6 100.9 34,068.6
EIV	S
M1(NP) 1.08 — — 0.22 — — — — 148.9 27,596.9
M2(H) 1.08 0.56 0.21 0.22 0 0 0.06 0.52 108 27,577
M3(HG) 1.08 0.27 0.18 0.19 0.76 0.43 0.29 0.62 95 27,563.6
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case	 study,	 variance	 in	 EIV	 scores	 among	 plant	 species	 within	
sample	 plots	 (σspecies)	 was	 larger	 in	 all	 cases	 than	 variance	 be-









from	plots	 they	could	potentially	occupy	 for	various	 stochastic	
and	mechanistic	reasons	(Callaway	&	Walker,	1997;	Chave,	2004;	



















The	 ability	 to	 provide	 a	 plot-	specific	 picture	 of	 local	 change	
alongside	estimates	of	average	trends	across	the	wider	landscape	












of	 change	 in	 community	 composition	 across	 habitat	 boundaries.	
With	hierarchical	models,	we	can	pinpoint	outliers	or	plots	within	
which	 change	 does	 not	match	 plots	 in	 a	 similar	 habitat	 because	
pooling	 allows	 us	 to	 view	 each	 estimated	 plot	mean	 in	 isolation	
with	more	confidence	that	it	is	a	balanced	estimate	(Gelman	et	al.,	
2012).	 Inspection	of	 these	plot	values	could	 lead	one	 to	develop	





cific	 system	 to	 uncover	 drivers	 of	 change	 as	 part	 of	 an	 iterative	
scientific	process.
4.4 | Model extensions and flexibility
The	multilevel	models	presented	here,	particularly	fitted	in	a	flex-
ible	Bayesian	 framework,	 can	be	extended	or	 adapted	 to	 specific	
study	 systems	 in	many	useful	ways.	 For	 instance,	 other	 grouping	
factors—in	place	of	 or	 in	 addition	 to	habitat	 type—may	be	 added	














pled	 with	 the	 importance	 of	 understanding	 accelerating	 environ-




dynamics	 underlying	 compositional	 change	 in	 plant	 communities.	
These	methods	also	perform	very	well	in	situations	where	some	or	
all	 plots	 sampled	do	not	have	 the	 full	 cohort	of	 species	 recorded.	
Our	 contribution	 describes	 one	 more	 way	 hierarchical	 modeling,	
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ideal	way	to	describe	the	multitude	of	hierarchical	structures	we	see	
at	all	 levels	 in	biological	 systems,	 from	cells	 to	meta-	communities.	




that	 is	difficult	 using	 traditional	 statistical	 techniques,	 as	our	 case	
study	demonstrates.
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